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 Jabon (Anthocephalus cadamba (Roxb.) Miq) is one type of forest plants that 
have very rapid growth until the process of the harvest. One inhibitor is  
a disease that attacks the leaves in the form of spots and blight that can cause 
death during the growth process of this tree. The purpose of this process is to 
detect the object of diseases that attack the leaves of jabon at the time in  
the nursery. Images of affected jabon leaf disease segmented by reducing  
the RGB color cylinders to separate the disease object from the background. 
Reduced channel G-R provides information in the form of disease areas 
contained in the image of Jabon leaf. Furthermore, the characteristics of leaf 
disease can be detected well using DWT in the 3-level decomposition 
process with SVM classification results that can separate both classes of 
spots and blight by 84.672%. 
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1. INTRODUCTION 
Jabon (Anthocephalus cadamba (Roxb.) Miq) is one of the species that grow in Indonesia's forest 
and there are two types of Jabon plants namely red Jabon (Anthocephalus Macrophyllus) and white Jabon 
(Anthocephalus cadamba) both distinguishable from leaf bone color, adult leaf width (red Jabon wider than 
white Jabon) and the color of red Jabon tree browner [1]. Jabon is a species that trees can grow quickly, this 
wood can be used for the manufacture of furniture, plywood and building materials.  
The cultivation and maintenance of this plant are needed to produce healthy seeds on an ongoing 
basis. Jabon seeding business has been done from small scale to large scale permanent nurseries. However, 
this effort can also find obstacles in the form of diseases of Spots and Hawar leaves that can attack the plant 
Jabon [2]. In the literature, the bacteria that cause leaf disease can be seen based on characteristic [3-4].  
The process of making a red Jabon seedling at BPK (Balai Penelitian Kehutanan) Manado was constrained 
by the presence of splash and blight disease in red Jabon [5] and the technique of disease control was also 
performed. The process of disease identification can be done with two events, first with microscopic 
information that is to diagnose the type of fungus with the help of a microscope and a second macroscopic 
information that can explain the symptoms that arise in the host plant and can be observed directly or  
with the help of the camera [6]. The texture is one way that can identify the symptoms or objects contained  
in an image. 
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Texture can describe the smoothness, roughness, and regularity of an image [7]. One technique that 
can provide information based on the texture characteristics of an image is the discrete wavelet  
transform (DWT). Detection of medical images of brain regions using positron emission tomography (PET) 
and magnetic resonance imaging (MRI) images using DWT technique provides good accuracy [8]. Detection 
of blood venous sclera in the human eye using 40 eye image samples with DWT-2D feature extraction 
indicates a significant increase in accuracy value [9]. Automatic tea-category identification by [10] using 300 
tea images using discrete wavelet packet transform (DWPT) and fuzzy SVM provides an accuracy of 97.7%. 
Information from feature extraction is very important to be classified based on the observed class. Based  
on [11] leaf disease identification based on morphology using SVM gives an accuracy value of 87.5%.  
The SVM classification method is capable of providing better value than the multinomial naïve Bayes 
classification method and the neural network (NN) to emotions in the text [12]. 
In this study, energy and entropy-based wavelet method used for recognize Jabon leaf diseases.  
An image can be decomposed into a set of sub-signals by discrete wavelet transform (DWT). The support 
vector machine (SVM) models used to separate leaf spots and leaf blights diseases, based on level 
decomposition distribution which energy and entropy wavelet method were proposed. 
 
 
2. RESEARCH METHOD 
2.1. Data Set 
The data used are the image of red Jabon (A Macrophyllus) and white Jabon (A Cadamba) infected 
with the disease. The Jabon leaves observed in this study are Jabon leaves that are still in the growth process 
of 3-6 months of age. Data in the form of symptoms of spotting and blight on the leaves obtained from  
the observation process at four nursery locations nursery IPB, Pelabuhan Ratu, Cimanggis and BPK Manado. 
Total samples obtained 913 images of red and white Jabon leaves infected with the disease Figure 1. 
 
 
 
 
(a) 
 
 
(b) 
 
Figure 1. Seeds of red Jabon (a) and Seeds of white Jabon (b) 
 
 
2.2. Methodology 
The method in this research consists of six stages including data acquisition, preprocessing, feature 
extraction, classification, analysis, and evaluation. The flow of the research process can be illustrated in 
Figure 2.  
 
 
 
 
Figure 2. Flowchart diagram 
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2.2.1. Data Acquisition 
Photos of red and white jabon leave infected by the diseases taken using a digital camera, leaf 
position is in the middle with a white background. Total 913 images of jabon leave with 468 images of white 
jabon leaf and 445 red jabon leaf. Photograph of jabon leaf is shown in Figure 3. Leaf spots are usually rather 
definite spots of varying sizes, shapes and colors. There is nearly always a distinctive margin. [13].  
This disease is caused by the fungi Rhizoctonia sp [14] and is caused also by the Colletotrichum sp  
fungi [15]. Leaf blights are generally larger diseased areas than leaf spots and more irregularly shaped [16]. 
Sometimes the blighting appearance of leaves is the result of the coalescence of numerous small spots.  
The cause of this disease is by Fusarium sp [17]. 
 
 
 
 
(a)  
 
 
(b)  
 
Figure 3. Leaf disease on Jabon, (a) leaf spot, (b) leaf blight 
 
 
2.2.2. Preprocessing 
The first step image of jabon leaves labeled for easy recognition and separated then the size of  
the image is compressed into ± 300 KB for each image to facilitate the process of computing. The image of 
the jabon leaf that has been labeled and compressed is then segmented using the RGB color intercept 
reduction technique [18]. The RGB color channel separation consists of R-G, R-B, G-R, G-B, B-G,  
and B-R [19]. The segmented leaf area is segmented in the reduction of green-red (G-R) channels and the 
healthy leaf area is segmented on the red-green channel (R-G). Channel selection depends on the information 
required. In the G-R channel, the segmented disease segment as white and black is a healthy leaf  
area Figure 4. 
 
 
Original Image 
 
Red Jabon 
 
 
Area of Diseases 
 
G-R 
Healthy Areas 
 
R-G 
 
White Jabon 
 
G-R 
 
R-G 
 
Figure 4. Segmentation Channel Red, Green, Blue (RGB) 
 
 
2.2.3. Feature Extraction 
The feature extraction technique used discrete wavelet transform (DWT) according to [20-21] 
wavelet is a small wave that has the ability to classify image energy and concentrated on a group of small 
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coefficients. Wavelet is a function that can shred data into different sets of frequencies, making it easy to 
learn [22]. The process of wavelet decomposition can be seen in Figure 5. 𝐲ℎ𝑖𝑔ℎ and 𝐲𝑙𝑜𝑤 are a high-pass 
filter (HPF) and low-pass filter (LPF), 𝐲ℎ𝑖𝑔ℎ is referred to as the DWT coefficient. 𝐲ℎ𝑖𝑔ℎ is the detail of the 
signal information, whereas 𝐲𝑙𝑜𝑤 is a crude approximation of the scaling function [23]. The information from 
each wavelet decomposition subgroup will be calculated using wavelet energy and Shannon entropy to serve 
as a feature space for prediction [24-25]. Formula feature extraction as shown in Table 1. 
 
 
 
 
Figure 5. Wavelet discrete decomposition 
 
 
Table 1. Formula feature extraction 
Feature Extraction Formula Description 
Wavelet Energy 
𝐸𝑖 =∑|𝑓(𝑛)|
𝑁
𝑛=1
 Energy for each sub-band of wavelet decomposition 
𝐸𝑡𝑜𝑡 =∑𝐸𝑖
2𝑗
𝑖=1
 The total energy value obtained from each sub-band 
𝑃𝑖 =
𝐸𝑖
𝐸𝑡𝑜𝑡
 Normalization of wavelet energy value 
Shannon Entropy 𝑆 = −∑𝑃𝑖𝑙𝑜𝑔2(𝑃𝑖)
𝑁
𝑖=1
 
Provides information in the form of a random value 
of the wavelet decomposition spectrum 
 
 
3. RESULTS AND ANALYSIS 
The reduction of the G-R color channel is able to separate the object of the disease with  
the background so that in the texture feature extraction process using DWT color channel G-R is selected  
for the decomposition process. Decomposition is done as much as 3-level because at decomposition level-3 
noise decreases and characteristic of disease becomes clearer. The classification process uses the feature 
values obtained from wavelet energy and entropy. The evaluation technique uses a confusion matrix. 
 
3.1. Wavelet decomposition 
Wavelet decomposition process is done as much as 3-level decomposition with the result of G-R 
segmentation which becomes the image of input in doing the decomposition process. The higher  
the decomposition process the noise will decrease, so the value of disease features obtained from  
the calculation of wavelet energy and Shannon entropy more detail. Wavelet decomposition provides 
information of approximation (LL), horizontal (HL), (LH) vertical, and (HH) diagonal.  
The subband has different information on the LL sub-band of information given in the form of crude 
approximate values of the input image. Subband LL is the result of DWT whose x-axis is converged with low 
pass filtering (LPF) and the y-axis is converted by high pass filtering (HPF). HL axis x is convolved with 
HPF and the y-axis is convolved with LPF so as to make a horizontal direction detected. The LH sub-band is 
an x-axis DWT process convolved with LPF and the portion on the y-axis is convolved with HPF so that 
vertical line is detected. HH values are obtained from the x-axis and the y-axis is convolved using HPF  
so that lines with diagonal direction are detected. 
The process of wavelet level-1 decomposition can be seen in Figure 6 (a). The DWT decomposition 
process at level 2 produces 4 sub-bands LL, LH, HL, and HH just as in the previous decomposition process. 
However, in the process of decomposition level-2 and so on no longer use the image of segmentation results 
as input but the value of LL sub-band on decomposition level-1 which becomes input for further 
decomposition process. 
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The y-axis of the spectrum shows the frequency value and the x-axis shows the pixel position  
of the input image. Therefore, by using DWT the disease of Jabon leaf can be detected by looking  
at the fluctuating spectrum value in each decomposition process (a), (b) and (c). As in Figure 6 (c) the noise 
is decreasing so that the pixel position of the diseases of spotting and blight becomes more apparent. 
 
 
 
 
 
 
LL – spectrum 
 
 
 
 
 
LH – spectrum 
 
 
 
 
 
HL – spectrum 
 
Figure 6. (a) Decomposition process level-1 (Decomposition wavelet level-1)  
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HH - spectrum 
 
Figure 6. (a) Decomposition process level-1 Decomposition wavelet level-1 (continue) 
 
 
 
 
 
LL – spectrum 
 
 
 
 
 
 
LH – spectrum 
 
 
Figure 6. (b) Decomposition process level-2 (Decomposition wavelet level-2) 
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HL – spectrum 
 
 
 
 
 
 
HH - spectrum 
 
Figure 6. (b) Decomposition process level-2 (Decomposition wavelet level-2) (continue) 
 
 
 
 
 
  
 
LL – spectrum 
 
Figure 6. (c) Decomposition process level-3 (Wavelet level-3 decomposition) 
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LH – spectrum 
 
 
 
 
 
 
 
HL – spectrum 
 
 
 
 
 
HH – spectrum 
 
Figure 6. (c) Decomposition process level-3 (Wavelet level-3 decomposition) (continue) 
 
 
3.2. Wavelet energy and entropy 
When wavelets are applied to a discrete signal, low-pass and high-pass filters are used, splitting  
the data into a low frequency (approximation) part and a high frequency (detail) part. The data distribution 
from the LL sub-band gives a high accuracy value so that the energy and entropy values of the LL will be 
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processed to build the SVM model. The energy wavelet shows the regularity value of the spectrum and 
entropy measures a random value based on the occurrence of the spectrum. Both of these values will be the 
founders to perform the classification process. The approximation energy and entropy level 1, 2 and 3 values 
can be seen in Figure 7. 
 
 
 
 
LL-1 
 
 
Spectrum 
Nilai energy: 8948533.49 
Nilai entropy: 15.978967518 
 
 
 
LL-2 
 
 
Spectrum 
Nilai energy: 4465997.20 
Nilai entropy: 14.022177246 
 
 
 
LL-3 
 
 
Spectrum 
Nilai energy: 2232297.42 
Nilai entropy: 12.091749071 
 
Figure 7. Energy and Shannon Entropy Value 
TELKOMNIKA Telecommun Comput El Control   
 
Feature extraction of jabon (Anthocephalus sp) leaf … (Felliks Feiters Tampinongkol) 
749 
3.3. Classification 
Table 2 provides the comparison of SVM model accuracy level according to kernel Radial Basis 
Function (RBF). The identifier used for classification is the energy and entropy value of each image of Jabon 
leaf. Distribution of data used in the classification is the distribution of energy data LL x axis and entropy LL 
axis y. The support vector model is obtained from comparing the 10-fold cross validation value with  
the resulting value of each fold. 
The value of the fold is close to the average value to be selected as the support vector model. 
Average level of accuracy of level-1 83.723%, level-2 84.270% and level-3 84.416%. Based on Table 2  
the accuracy value at level-1 is close to the average value is model 3, level-2 model 3 and level-3 model 1. 
The highest accuracy is shown on the level-3 accuracy value 84.672% model-1. Data distribution and SVM 
model for each level can be seen in Figure 8. 
 
 
Table 2. Support vector 10-fold cross validation models 
K-fold 
Accuracy Value Level-1 
(%) 
Accuracy Value Level-2 
(%) 
Accuracy Value Level-3 
(%) 
1 84.672% 84.672% 84.672% 
2 85.766% 86.496% 85.036% 
3 83.212% 84.307% 84.672% 
4 82.482% 82.117% 83.212% 
5 85.401% 86.861% 85.401% 
6 84.307% 85.401% 85.401% 
7 81.387% 81.752% 82.117% 
8 83.212% 83.942% 85.036% 
9 84.307% 84.307% 85.401% 
10 82.482% 82.847% 83.212% 
Average 83.723% 84.270% 84.416% 
 
 
 
 
Model 3 LL level-1 
 
 
 
Model 3 LL level-2 
 
Figure 8. Support vector machine models 
                ISSN: 1693-6930 
TELKOMNIKA Telecommun Comput El Control, Vol. 18, No. 2, April 2020:  740 - 751 
750 
 
 
Model 1 LL level-3 
 
Figure 8. Support vector machine models (continue) 
 
 
4. CONCLUSION 
Reduced green-red color channel (G-R) successfully separates the disease object from  
the background very well although in some photos there are segmented leaf bones as illness. Feature 
extraction using DWT is able to provide more detailed leaf disease information at level-3 decomposition  
with reduced noise. The entropy and energy values obtained from the LL spectrum approximation of  
each decomposition level become the feature space in SVM classification. The SVM support vector  
machine classification model using RBF radial base function carrels provides the highest level of  
3rd-level decomposition value of 84.572% with 119 spotted and 113 correctly classified blight results from  
274 data test. 
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